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The development of a complex system depends on the self-
coordinated action of a large number of agents, often determining
unexpected global behavior. The case of software evolution has
great practical importance: knowledge of what is to be considered
atypical can guide developers in recognizing and reacting to
abnormal behavior. Although the initial framework of a theory
of software exists, the current theoretical achievements do not
fully capture existing quantitative data or predict future trends.
Here we show that two elementary laws describe the evolution of
package sizes in a Linux-based operating system: ﬁrst, relative
changes in size follow a random walk with non-Gaussian jumps;
second, each size change is bounded by a limit that is dependent
on the starting size, an intriguing behavior that we call “soft
bound.” Our approach is based on data analysis and on a simple
theoretical model, which is able to reproduce empirical details
without relying on any adjustable parameter and generates deﬁ-
nite predictions. The same analysis allows us to formulate and
support the hypothesis that a similar mechanism is shaping the
distribution of mammalian body sizes, via size-dependent con-
straints during cladogenesis. Whereas generally accepted ap-
proaches struggle to reproduce the large-mass shoulder displayed
by the distribution of extant mammalian species, this is a natural
consequence of the softly bounded nature of the process. Addition-
ally, the hypothesis that this model is valid has the relevant impli-
cation that, contrary to a common assumption, mammalian masses
are still evolving, albeit very slowly.
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Software programs are embedded in the real world. As aconsequence, the growth of a software package is charac-
terized by inherent adaptive change in response to many factors
of different natures. The multilevel feedback structure where
programs and their environment evolve in concert is elusive and
difﬁcult to describe precisely; quantitative results in this direction
are still erratic, despite the efforts made in the past few decades
(1, 2). These very features make the subject attractive from the
point of view of complex systems theory and analysis. Most of the
traditional analyses concerned proprietary software, but a num-
ber of studies carried out within the past 10–15 y gathered
a relevant amount of evidence concerning the evolution of Open
Source Software (OSS) (3–5). The open source phenomenon has
two speciﬁcities that make it particularly interesting. First, the
goal of an open source project is to create a system that is useful
or interesting to its developers and thus ﬁlls a social void rather
than a commercial one. Second, large OSS projects are de-
veloped and maintained in a globally decentralized context,
contrary to traditional softwarecontrary to traditional software.
The emergent complex self-organizing structure challenges tra-
ditional theories of management and engineering (6–8). The
OSS phenomenon is also affecting the daily lives of increasingly
many people, because OSS operating systems and applications
run on devices ranging from PCs to mobile phones and tablets.
Perhaps the simplest observable related to software growth is
its size, which can be measured with different approaches (9).
Despite its simplicity, the size of a piece of software encapsulates
many of the features of its evolution and evolvability. Here, we
consider the dynamics of package size in a widely used GNU/
Linux system, the Debian-based Ubuntu distribution (www.ubuntu.
com/project). We analyze systematically the available data and
show that they are compatible with a multiplicative anomalous
diffusion process. We study this process with the aid of a theoreti-
cal model and show that the combination of a “hard” lower cutoff
and a more complex size-dependent “soft” upper cutoff on pack-
age size reproduces with extreme accuracy the observed distribu-
tion. The same model makes deﬁnite quantitative predictions for
the future dynamics of Ubuntu packages. Finally, as we will see, the
knowledge of these evolutionary patterns might lend a fresh per-
spective to the debate on the quantitative aspects of an a priori
unrelated process, the cladogenesis that determines the mass dis-
tribution of mammalian species.
Results
Ubuntu Package Sizes. Ubuntu packages are bundled ﬁles com-
prising the pieces of software that make up the whole system.
Since Ubuntu was ﬁrst released in October 2004, the number
of packages increased from a few hundred to tens of thou-
sands. Since then, one new release every 6 mo has been issued.
This chronological regularity is valuable for a systematic
quantitative study. The ﬁrst, second, and third releases were
christenedWarty Warthog, Hoary Hedgehog, and Breezy Badger;
from then on, the naming followed alphabetical order,
encompassing 17 different real and imaginary animals, up to
Quantal Quetzal (October 2012), the latest release we consider
here. Analysis of empirical data for approximately 370; 000
Signiﬁcance
Not unlike a big city, a large software project grows in a com-
plex way, involving many developers and even more users, but
a predictive framework to understand these temporal patterns
is lacking. We focus on software size and analyze the changes
of the Ubuntu open source operating system, ﬁnding two
quantitative laws. First, growth is driven by changes in scale
rather than by addition–subtraction; second, evolution toward
larger sizes between two consecutive releases is limited by
bounds that depend on the starting size of a package. Strik-
ingly, a stochastic model that implements these two laws is
predictive. Finally, we provide evidence that similar principles
could be in place for the evolution of body mass in mammals.
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changes in package size between all successive Ubuntu releases
reveals striking regularity (Fig. 1). The logarithm log δ of the mul-
tiplicative change δ= s′=s between the sizes s and s′ of a package in
consecutive releases appears to follow an “α-stable” distribution,
independently of the initial size s and of time (the distribution is
centered in δ= 1 and has power law exponent α≈ 0:7). α-stable
distributions [widely used in many modeling contexts (10–13)]
are the most general class of probability distributions followed by
the sum of a large number of independent identically distributed
random variables (it is therefore a generalization of the Gauss-
ian, which is recovered for α= 2). It is interesting to note that the
average change in package size is roughly symmetric, implying
that packages are generally equally likely to get larger or smaller
(so long as they are far from the boundaries).
Notably, events belonging to the tails appear to be bounded in
a size-dependent way (Fig. 1). No package can shrink to sizes
smaller than a global cutoff smin. This hard bound is easily ra-
tionalized by the existence of minimum requirements from the
package management system. Consequently, the largest possible
decrease, starting from s, is δmin = smin=s. Note that a multiplicative
diffusion process with a hard lower bound is known to reproduce
asymptotically, under certain assumptions, a power law distribu-
tion, which is truncated for ﬁnite times (14). In our case, the
presence of an upper cutoff can modify this dynamic behavior and
generate distributions resembling power laws only sufﬁciently far
from the boundaries.
Expansion to larger package sizes manifests a more intriguing
and complex behavior: the largest size that a package can attain
between two consecutive releases depends on its starting size.
Speciﬁcally, the largest possible increase is δmax = ðsmax=sÞγ , with
an exponent γ approximately equal to 1=2. We call this a soft
bound, meaning that the larger a package is, the shorter its
maximum jump can be, but packages of different initial sizes do
not behave as if a unique maximal size were present. The same
behavior is found consistently throughout the history of Ubuntu
releases (SI Appendix S2.B, Fig. S6). This indicates that the soft-
bound behavior cannot be reduced to a time-evolving hard
bound caused by extrinsic factors changing in time, such as
technological constraints. To simulate the model, one can use
rejection sampling to draw a value δ from the bulk jump distri-
bution and then update s with s′= δs using the acceptance cri-
teria smin=s≤ δ≤ ðsmax=sÞγ . Importantly, a hard bound can be
reached in one step from any given size, whereas the maximum
smax in the deﬁnition of the soft bound cannot be reached from
any initial size. To the best of our knowledge, the phenome-
nology of such soft bound has no analog in the existing literature
(SI Appendix provides further evidence supporting the existence
of hard and soft bounds).
Based on the foregoing empirical observations, we deﬁne a
stochastic model of package size evolution, which relies on three
assumptions: i) At every new release, each package (of size s)
assumes the new size s′= sδ (multiplicative size changes). ii)
Each package has probability q of also “duplicating”, i.e., branching
and adding a “spinoff” copy of itself to the new release [This move
has no impact on size distributions (SI Appendix S1.C) but is in-
cluded for completeness, as code reuse appears to be the driving
force of innovation (Discussion and SI Appendix S2.B)]. iii) The
logarithms of the growth factors δ are independent α-stable ran-
dom variables conditioned on two size-dependent cutoffs, a lower
hard bound and an upper soft bound, whose parameters smin, smax,
and γ are obtained from the data. This model has no free param-
eters, as all of the quantities needed to specify the distribution are
estimated by data analysis. Technically, it is realized as a branching
multiplicative diffusion process. We do not explicitly consider
package deletion, as its role for the evolution of package size
distributions is irrelevant (SI Appendix S1.C).
Starting from the population of packages in the ﬁrst Ubuntu
release, Warty, and evolving their sizes for 16 steps (8 y), the
model predicts very accurately the package size distribution in
the latest release, Quantal (Fig. 2). Sensitivity analysis shows
(SI Appendix S2.C, Fig. S7) that the results are robust with
respect to variation of the parameters. Moreover, as shown by
Fig. 3, the accordance of model and data are not dependent on
the particular initial shape of the distribution; in fact, arbitrarily
chosen subsets of packages can be followed through their
evolution, and the size proportions they assume in Quantal are
predicted very well by the model (SI Appendix S2.D). In par-
ticular, the plots in Fig. 3 show that the model is able to capture
accurately the time course of divergence of initially similarly
sized packages over the whole period of 8 y. This also shows
that the agreement between model and data is not an accident
due to speciﬁc behavior of the packages found at the distribu-
tion tails. It is then appealing to attempt to forecast future
evolution. For instance, we ﬁnd that the current distribution is
Fig. 1. The changes in package size between Ubuntu releases follow an
α-stable distribution with size-dependent bounds. (Top) The distribution is
independent of size for small multiplicative size changes (x axis; symbols
represent different size ranges). (Bottom) A scatterplot of multiplicative size
change vs. initial package size in the whole range reveals a hard lower
bound, due to a minimum attainable size, and a soft upper bound, with
a nontrivial size dependence (P values <10−4); the signature of a hard bound
in such a scatterplot is a slope of modulus 1, whereas anything less steep is
named soft. (Inset) Binned averages of maximum and minimum size changes
(dashed lines are power law ﬁts yielding exponents 0.5 and 1, respectively).
The visible linear structure parallel to the hard-bound line is composed of
packages whose size dropped to around 4 kb; these are mainly “transi-
tional” packages, i.e., dummy packages only used as pointers to newer
versions of the same piece of software. Removing all jumps involving tran-
sitional packages (and those they point to) does not affect the results.
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very far from stationary; at this rate, assuming constant parame-
ters, a stationary state would be reached in ∼2–400 y (SI Appendix
S2.D, Fig. S11). In 10 y the largest package should weigh ∼1 Gb,
and the average package size is predicted to nearly double from
the current 1.2 Mb to about 2.3 Mb; the most common size, in-
stead, will have slightly increased only by around 10 kb (it is
currently 22 kb).
Mammalian Body Masses. We found that the knowledge of the
modeling framework with soft bounds described above may
suggest a different perspective on the debate around a distant
scientiﬁc problem. In fact, similar models to the one described
here have been used to explain the evolution of species body
masses in mammals and other taxa (15, 16). In this case, the
branching process represents cladogenesis, i.e., the lineage split-
ting event generating new species (clades in the phylogenetic
tree) whose average body mass is related to the ancestor’s. A
simple scaling form recently discovered for intraspeciﬁc size
variability (17) justiﬁes the use of the mean species mass as the
sole relevant variable. The model proposed by Clauset and Erwin
(16) [and further developed in subsequent publications (18, 19)]
assumes multiplicative diffusion on evolutionary time scales, with
a lower hard bound due to metabolic constraints and an explicit
bias toward larger sizes [the controversial Cope’s rule (20–22)],
whose strength must increase for lower masses [although there
appears to also be evidence for the opposite tendency (15)].
Moreover, the introduction of a size-dependent extinction rate is
necessary to approximate the large-mass tail of the empirical
distribution of extant mammals.
In the framework suggested by software evolution, it seems
natural to characterize the low propensity of large species to
generate larger descendant species (and the tendency of small
species to generate larger ones) through a soft, i.e., size-de-
pendent, cutoff instead. Fossil data of ancestor–descendant
size ratios are not abundant and are susceptible to noise and
bias (23). We used a compilation by Alroy (15) of 1,109 North
American terrestrial mammals up to the late Pleistocene, obtained
by a highly conservative method. Despite the great amount of
work behind these data, they do not allow an estimate of
parameters nearly as precise as what was attained for Ubuntu
packages; nonetheless, our analysis shows that the changes in
body size are compatible with an α-stable distribution of exponent
α≈ 1:8 and with upper and lower soft cutoffs with γ-values around
0.2 and 0.6, respectively (Fig. 4 and SI Appendix S2.E). Further-
more, uncertainties on these estimates are not a big inconve-
nience, as the results are fairly robust to variation of these
parameters (SI Appendix S2.F, Fig. S13). Note that the exponent
α in this case takes a very different value than the one observed
for Ubuntu packages.
We simulated the in silico evolution of body masses throughout
mammalian history, starting from the mass of the founder species
Hadrocodium wui, a small mammaliaform from the Early Jurassic
weighing 2 g (24). Remarkably, the characteristically skewed and
wide distribution of extant terrestrial mammals (25) is recovered
with good precision by this model (Fig. 4). The (softly) bounded
nature of the diffusion, together with the asymmetry of the initial
condition, are the key ingredients that account for the shape of the
empirical distribution (SI Appendix S2.G, Fig. S15). It must be said
that the agreement is not completely parameter-free as in the case
of Ubuntu packages: model time is chosen as the one that best
recovers the expected distribution, because it cannot be estimated
directly. However, one or more free parameters were present also
in the previous studies (16, 18).
Discussion
To sum up, the analysis allows us to uncover two relevant
quantitative laws. First, package sizes vary following a process
driven by changes in scale, rather than by addition–subtraction.
Similar behavior, with an α-stable distribution for the jumps, has
been observed in other systems, e.g., related to economics (26),
but it is not to be expected a priori. Second, and more important,
evolution toward larger sizes is such that the largest change that
a package can attain in an elementary update depends on its
Fig. 2. The dynamics of package size distribution is captured by a bounded
multiplicative diffusion process. Starting from the initial pool of packages
constituting Warty Warthog (▲), with all parameters ﬁxed by data analysis,
the model yields the distribution traced by the dashed line, which nicely
reproduces size proportions in Quantal Quetzal (■). Notice that the tails of
the two empirical distributions differ by almost one order of magnitude;
furthermore, the ramp at small sizes for Quantal (which was not present in
Warty) is correctly predicted.
Fig. 3. The model accurately predicts the divergence of similarly sized
packages. By starting from a subset of packages in Warty, deﬁned by three
different size intervals (shaded areas, actual size distributions are repre-
sented by▲), the model generates the distributions shown by dashed lines,
which agree well with those observed empirically for the same subsets of
packages in Quantal (■).
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starting size (as a power law), the soft bound. A third instructive
result is that the two above laws, implemented in an otherwise fully
stochastic model, are sufﬁcient to deﬁne a statistical predictive
framework for Ubuntu package size changes. The upper cutoffs on
size jumps and their soft nature appear to have no counterpart in
the previous literature. Furthermore, the distribution of the size
changes is precisely estimated from data, under the sole assumption
that they are independent (which is also suggested by the data).
This phenomenology casts a quantitative light on the laws by
which software packages expand and contract, in the spirit of
earlier investigations by Lehman and coworkers (1). The relevant
quantities necessary to capture the evolution of size are size
ratios rather than size differences. This suggests that the domi-
nant route of expansion is the forking and reuse of submodules,
with new code being largely produced by copying and modifying
old code. Birth of new packages, also a relevant driving process
for the dynamics of software evolution, supports this interpretation:
newborn packages appear with size proportions approximately
equal to those of the preceding release (SI Appendix S2.B, Fig. S4).
In another area of human interactions, namely the evolution of
business ﬁrms’ sizes, multiplicative processes are also found to
emerge from the dynamics of smaller modules (26, 27). Variants
of existing models developed in this context (28, 29) might help
provide a microscopic interpretation for the bulk of the size-
change distribution. For instance, we can consider the following
heuristic argument. Let us describe a piece of software through the
dependency network of its components (e.g., modules or classes).
We suppose that a node changing its size by a factor λ propagates
the need for maintenance to its k (direct and indirect) de-
pendencies, resulting in a similar size change. Then the effect of
this cascade of events for the whole package would be summarized
by the jump log δ= log½ðs− k+ λkÞ=s= log½1+ ðλ− 1Þk=s, which
can be approximated by ðλ− 1Þk=s, when the latter is small.
Therefore, assuming that λ is a sufﬁciently compact random var-
iable centered around 1, the distribution of log δ will resemble that
of k. A mechanism driving the evolution of dependency networks
(software in particular) has been recently proposed (8), based on
a simple process where new nodes attach to a ﬁxed number D of
existing nodes. The distribution of k in this case is PðkÞ∼ k−ð1+1=DÞ,
which implies a power law-distributed log δ, with exponent
1+ α= 1+ 1=D. Note that the value D≈ 2, which seems to be
ubiquitous in dependency networks (8), yields α≈ 0:5, not far from
the observed α≈ 0:7.
On the other hand, this framework does not seem to be able to
account for the soft bounds. We speculate that the emergence of
the soft bound could be related to allometric scaling (30, 31), where
the system size and its network of dependency grow jointly and are
subject to global constraints. Therefore, a more elaborate micro-
scopic model would be needed to account for this behavior. Rather
than including detailed code-production mechanisms, the approach
taken here assumes that their effect on intermediate time scales can
be summarized by two elementary processes. First, the generation
of new packages proceeds by copy and modiﬁcation of old pack-
ages; second, packages evolve under a simple constraint of mini-
mum size and a complex constraint for large sizes. Finally, the
explanation of the observed γ ’ 0:5 exponent for the upper soft
bound remains an open question. We speculate that tradeoffs
between increase in complexity and cost of deployment might be
responsible for this law.
Regarding the application to mammalian body masses, one
important remark is that the present model relaxes the common
assumption that the body-mass distribution is stationary at
present time. Consequently, different initial conditions can pro-
duce markedly different distributions. If the initial mass is sufﬁ-
ciently large, left-skewed distributions can be obtained; such a
shape is less common but is nonetheless found in some taxa (32).
Note, however, that the ﬁtting distribution for mammals is very
nearly stationary (SI Appendix, Fig. S14). Mining the literature, we
were not able to ﬁnd any conclusive evidence that could rule out
a mild nonstationarity of the extant distribution, and therefore we
hope that our ﬁndings may be useful to stimulate the debate in
this direction.
A second remark is that the bounds on the diffusion process
in the context of mammalian body masses are realized by a size-
dependent extinction rate (23). In our approach, the soft nature
of the constraint for large masses is interpreted as the result of
the competition between the short-term selective advantages of
an increased body size and the corresponding long-term ex-
tinction risk, as concluded in previous studies. This macro-
evolutionary tradeoff mechanism is quantitatively robust across
all mammalian species (33) and also in other taxa (19). The
observation that the lower boundary is soft as well suggests that
a similar tradeoff might be present also for small body masses.
As already stated above, the soft-bound mechanism implies
that larger masses require a higher number of generations to be
reached, whereas the lower bound can be reached in a single step
from any mass. This pattern has two notable consequences. First,
it qualitatively predicts a macroevolutionary asymmetry between
large increases and large decreases, while preserving the sym-
metry for small size changes, a phenomenon that has been
Fig. 4. Application of the bounded diffusion framework to mammalian body-mass data. (Left) Multiplicative changes in body mass for 1,109 mammalian
species, plotted as a function of ancestor’s body mass (■); data are compatible with the existence of soft bounds (dashed lines). (Right) The distribution of
mammalian body masses is well reproduced by the model (dashed line), and some features appear to be improved with respect to the Clauset–Erwin model
(dotted line). Note that the dotted line corresponds to a stationary state, whereas the dashed line does not.
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recently observed for mammals (34). Second, it accounts for
a slowly saturating evolution of the maximum body mass as
a function of time, which is quantitatively in line with recent
ﬁndings (35) (SI Appendix S2.H). Finally, we note that a reason-
able reparameterization of the bounds is sufﬁcient to recover the
body-mass distribution of fully aquatic mammals as well (SI
Appendix S2.I).
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